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The aim of this study was to use species distribution models to estimate the effects of environmental variables on the habitat suitability of river dolphins Pontoporia blainvillei (franciscanas) along their overall biogeographical distribution. Based on the literature, we selected six environmental variables to be included in the models; four climatic factors (surface sea temperature, salinity, turbidity and productivity) and two biotic factors (prey availability and fishing effort). We determined that the biographic range is under the following limits: temperature less than 19°C, a salinity of 36 psu and a minimal probability of the occurrence of fish C. guatucupa of 0.297. In the discussion, we postulate hypotheses on the behavioural and physiological mechanisms that cause these associations between environmental predictors and Franciscanas distribution. There was a good fit between the distribution predicted by the species distribution model and the one proposed by the experts of the International Union for Conservation of Nature; however, our analysis failed to highlight the fundamental role of bycatch as the main threat to this dolphin species. Species distribution models (SDMs) are associative models that relate occurrence or abundance data at known locations for individual species (distribution data) to information on the environmental characteristics of those locations. Several publications have reviewed the available SDMs (Guisan and Thuiller, 2005; Heikkinen et al., 2006; Elith and Leathwick, 2009; Cassini, 2011a Cassini, , 2013 . These reviews found that SDMs have been used to suitably characterise the natural distributions of species and that this information has been applied to investigate a variety of scientific and applied issues. Species distribution models have two main uses: identifying predictors or key factors of the environment that affect species distributions, or predicting distributions in new scenarios, assuming that the variables included in the model are relevant factors. When SDMs are used for the latter purpose, their output is normally a habitat suitability map that can be used in conservation and land management. The first approach has a more theoretical focus, and considers the causal drivers of species distributions. Cassini (2011b) proposed that species distribution models can be used for ranking key factors or threats to endangered or vulnerable species. Most current ranking of threats conducted within IUCN specialist groups still relies on the subjective perspectives of workshop attendees or individual experts. Species distribution models are ideal tools for incorporating theoretical and mathematical rigour to the ranking threat process, because: (1) they are relatively easy and rapid to implement; (2) they can be used with different levels of knowledge about the species in question; and (3) they are particularly suitable for use at the geographical scale, for which the IUCN Red List is designed.
Most river dolphins are among the least known and most endangered of all cetaceans (Hamilton et al., 2001) . They have highly disjointed geographical distributions: the Amazon River dolphin, Inia geoffrensis, and the Franciscana dolphin, Pontoporia blainvillei, are found in South America, whereas the Yangtze River dolphin, Lipotes vexillifer, and Indian River dolphin, Platanista gangetica, inhabit Asian rivers.
Of the four species of river dolphins, P. blainvilleiis the most investigated and the only one that is distributed in the sea. These dolphins, also known as Franciscanas, inhabit shallow coastal waters of tropical and temperate regions of the western South Atlantic Ocean, from Itaúnas (18°25 ′ S; 30°42 ′ W), southeastern Brazil (Siciliano, 1994) to Golfo Nuevo (42°35 ′ S; 64°48 ′ W), Argentina (Crespo et al., 1998) . They have been classified as 'vulnerable' by IUCN experts (Reeves et al., 2012 have quoted the information provided by experts in this species). Franciscanas are primarily coastal dolphins, with only occasional records of this species farther offshore than 30 m in depth (Pinedo et al., 1989; Secchi et al., 2003; Silva, 2011; Desvaux, 2013) . This isobath has been used to establish the eastern border of the species' distribution by experts of the International Union for Conservation of Nature (IUCN, reviewed by Reeves et al., 2012) . The South American coast of the Atlantic Ocean has wide continental platforms (Almeida et al., 2000) , with a high biodiversity (Bittar and Di Beneditto, 2009; Cremer et al., 2012) . The Malvinas and Brazil currents converge on this region; the first is cold and penetrates from the south and the second is from the north and is warm. This collision of currents determines that the sea in this area is very productive (Miloslavich et al., 2011) .
Variables introduced in the models were:
(1) Sea temperature: size and other functional traits of endotherms interact with environmental factors to define their thermal niche, which in turn can be translated into spatial limits of species distributions (Kearney and Porter, 2009) . Taking into account the small size and the relatively thin body fat layer of this species (Rodríguez et al., 2002) , low temperatures should represent a constraint to its geographic range (Mayr, 1963; William, 1983; Hind and Gurney, 1997) . (2) Sea salinity: It has been repeatedly postulated that river dolphins cannot inhabit sea water due to osmoregulation constraints. Kamiya and Yamasaki (1974) , Janech et al. (2002) , Dudgeon (2000) , Bräger et al. (2003) , Kannan et al. (2005) and Smith et al. (2009) . Although Franciscanas are the exception because they show a marine distribution, their phylogenetic origin might have imposed constraints on their adaptations for osmoregulation, thus, it is still possible that they can only inhabit areas where the salt concentration is relatively low. (3) Turbidity: Several authors have proposed that Franciscanas are associated with shallow waters due to their preference for turbidity (Pinedo et al., 1989; Brownell, 1989; Siciliano et al., 2002) . It has been speculated that this preference for turbidity reduces the probability of encounters with predatory sharks (Norris and Dohl, 1980; Wells, 1987; Mann et al., 2000) . (4) Ocean productivity: It has been found to be important for several species of cetaceans (Acevedo, 1991; Jaquet and Whitehead, 1996) . (5) Fishing effort: There is a strong consensus among specialists that fishing is the main threat to Franciscanas (Reeves et al., 2012) . Incidental entanglement or bycatch of these dolphins was reported repeatedly (Secchi et al., 2003; Di Beneditto and Ramos, 2001; Kinas, 2002; Dans, 2003; Cappozzo et al., 2007) . (6) Prey distribution: Franciscanas prey on a wide range of fish species, however Cynoscion guatucupa was the most important prey for this dolphin. (Table 1) . We analysed 14 studies on Franciscana's diet and we found than C. Guatucupa was consumed in more than 70% of the studies, and it was the most consumed prey on 13 (92.3%) studies (Table 1) . Therefore, we included C. guatucupa distribution as a potential predictor of Franciscanas distribution in our SDM models. All the other prey species showed significantly less index of consumption (Table 1 ).
The aim of this study was to use SDMs to estimate the effects of environmental variables on habitat suitability and biogeographical ranges of the Franciscana, P. blainvillei. We selected six environmental variables to be included in the SDMs: four climatic factors (surface sea temperature, salinity, turbidity and productivity), and two biotic factors (prey availability and fishing effort). We compared the output of the SDMs with the species range proposed by the experts of the IUCN (http://maps.iucnredlist.org/map.html?id=17978,18/3/2014). In the following paragraphs, we explain the reasons for selecting the six environmental variables, mainly based on physiological and behavioural mechanisms that might be involved.
Methods

Data on Franciscana locations
As a dependent variable of the models, we used 1856 sightings and strandings that were obtained from the literature (Cremer and Simões-Lopes, 2008 , Polizzi et al., 2013 , Alonso et al., 2012 , Crespo et al., 2010 , Crespo et al., 2009 , Zerbini et al., 2010 , Danilewicz et al., 2012 , Santos et al., 2009 , Bordino, 2002 , Acevedo, 2002 , Flores, 2009 , Zerbini et al., 2011 , Di Beneditto and Ramos, 2001 , Bordino et al., 2013 , Mendez et al., 2008 , Montealegre-Quijano and Ferreira, 2010 , Abud et al., 2008 , Mendez, 2010 , Failla et al., 2004 and from online biological databases GBIF and OBIS (www.gbif.org Table 1 Results of the analyses of 14 studies on the diet of Pontoporia blainvillei. % studies: frequency of studies in which the species was present in the diet. Mean ranking: for each study, prey species were ranking based on their representation on dolphin diet; the mean ranking was obtained across studies. %S/MR represents the ratio between these two measurements, which represents an index of prey consumption. 21 species were not included in the list for having an index less than 1. and www.seamap.env.duke.edu). For each sighting, we estimated values of the six environmental variables, associated by spatial coincidence. For each stranding, we assumed that the dead animal had its home range within a semi-circular buffer area of 100 km, where we estimated the mean values of the six environmental variables.
Environmental variables
Data on oceanographic variables were obtained from two sources: the National Aeronautics and Space Administration (NASA) of the United States and the National Commission on Space Activities (CONAE) of Argentina. Sea-surface temperature was obtained from the Active Archive Center of Distribution of Physical Oceanography (POET, http://poet.jpl.nasa.gov/) and from source AVHRR Pathfinder Version 5 (4 km resolution). Productivity and turbidity (Diffuse attenuation coefficient at 490 nm) were obtained by the application Giovanni (http://disc.sci.gsfc.nasa.gov/giovanni) and the Goddard Center for Information Services and Earth Sciences, respectively (source: Modis-Aqua, 4 km resolution). Ocean salinity was obtained from the database of the CONAE SAC-D Aquarius satellite, the first to obtain sea-surface salinity. For each 0.5°× 0.5°cell of the grid, mean values of these four variables (temperature, productivity, turbidity, salinity) were obtained from the data available for year 2012.
Data on fisheries were obtained from maps published by Stewart et al. (2010) . These created a comprehensive database of fishing effort metrics and the corresponding spatial limits of fisheries and map fishing effort density (measured as boatmetres per km 2 ) in the coastal zones of six ocean regions, using a spatial resolution of 1 km 2 . Data on the distribution of the fish C. guatucupa were obtained from Fishbase (www.fishbase.org), a widely recognised database that is linked to OBIS (www.iobis.org) and GBIF (www.gbif.org) (Costello and Vanden Berghe, 2006; Berghe et al., 2010; Jochum and Huettmann, 2010; Bluhm et al., 2010; Tsikliras et al., 2013) . The expected distribution of C. guatucupa throughout the Franciscanas' range was obtained using SDMs with four variables (sea surface temperature, productivity, bathymetry, and sea surface salinity), following a protocol described in the following section, which was analogous to that used for dolphins. The application of SDMs is common for fishes (Valavanis et al., 2008 , Labay et al., 2011 , Lenoir et al., 2011 and Monk et al., 2012 . 
Species distribution models
We tested three SDMs that used presence-only data: the Maximum Entropy Model (MaxEnt), Environmental Niche Factor Analysis (ENFA) and Bioclim (based on climatic envelopes) (see Fig. 1 ). Accuracy assessment for each model was measured using two different indices: the area under the curve (AUC) from the receiver operating characteristic curve (ROC, Woodward, 1999 ) and Cohen's Kappa index (Cohen, 1960) . The ROC curve is the relationship between the sensitivity and the false positive fraction. The AUC is the area under the ROC curve, with a value of 0.5 representing a random model, values between 0.8 and 0.9 representing models with a good fit and values over 0.9 being an excellent fit (Manel et al., 2001; Thuiller, 2003) . The Kappa statistic defines the accuracy of prediction, relative to the accuracy that might have resulted by chance alone; it ranges from −1 to +1, where +1 indicates perfect agreement between predictions and observations and values of 0 or less indicate agreement no better than random classification. These two indices are commonly used to compare several types of models (Fielding and Bell, 1997; Pearce and Ferrier, 2000; Miller and Franklin, 2002; Brotons et al., 2004) but cannot be strictly applied to ENFA and BIOCLIM, because no absence data are used as input in the models. Thus, following the methods of Brotons et al. (2004) , the predictive results of ENFA-BIOCLIM were applied for a range of cut-off values (0-100) to the presence and pseudo-absence data set used to fit MaxEnt models and produce comparable indices. The Jackknife test was used to determine the weight of each variable within each model. This test generates a model with each variable separately and also creates another set of models, which excludes one of the variables. For each model, the AUC and Kappa indices are measured (Phillips et al., 2004; Elith et al., 2011) .
The MaxEnt technique has its roots in information theory and is a statistical modelling method in several fields that has been widely used as a type of SDM (Elith et al., 2006; Phillips et al., 2006) . We used the MaxEnt program (www.cs.princeton.edu/~schapire/maxent) as described in detail in Phillips et al. (2006) , which employs a maximum likelihood method that models species distributions by generating a probability distribution over the pixels in a grid of the study area. MaxEnt estimates a probability distribution that maximises entropy (i.e., that is the closest to uniform), subject to a set of constraints derived from measurements of assumed suitable habitat values at species occurrence locations. For MaxEnt analysis, we used a Java environment to generate a SWD file for presence data and a package of dependent variables in ASCII format. We used the following settings of MaxEnt v.3.3.2: automatic feature selection, a regularisation multiplier at unity, a maximum of 500 iterations, 10 replicates and a convergence threshold of 10-5. We also used a random test percentage of 10%. A total of 100 pseudo-absences were randomised in the study area for the construction of the confusion matrix. A map of the potential distribution of the species was constructed using the logistic output (Phillips and Dudik, 2008) .
A modified principal components analysis is used by ENFA to develop a model based on occurrence-only data (Hirzel et al., 2002) . The observed environment is compared to the background data of the study area and the analysis produces factors similar to a principal components analysis. Model projection uses the geomeans method of Hirzel and Arlettaz (2003) . Analyses using ENFA were performed using the BIOMAPPER software (http://www2.unil.ch/biomapper/index.html). A MacArthur's broken-stick distribution analysis was used to establish factor significance (Hirzel et al., 2002) . Distance geometric-mean algorithms were used for habitat suitability computations (Hirzel and Arlettaz, 2003) . These algorithms make no assumption about the shape of the species distribution. The geometric mean produces a smooth set of envelopes around the observation points and provides a good generalisation of the niche (Hirzel and Arlettaz, 2003) .
BIOCLIM uses the mean and standard deviation of each environmental variable separately to calculate bioclimatic envelopes (Busby, 1991) . For each given variable, the algorithm calculates these two parameters (assuming normal distribution) for each point of occurrence (in these case, centroids). Each variable has its own envelope represented by the interval ⌊m − c × s, m + c × s⌋, where m is the mean, c is the cut-off input parameter, and s is the standard deviation.
Besides the envelope, each environmental variable has additional upper and lower limits taken from the maximum and minimum values related to the set of occurrence (Nix, 1986) . For BIOCLIM analysis, we used DIVA-GIS software (version 7.1.7, www.diva-gis.org) and the modelling module, with the option to run the model BIOCLIM.
The SDMs were applied to obtain probability distributions of the fish C. guatucupa, the most-used and preferred prey of Franciscanas throughout their range. The MaxEnt model showed a higher AUC (AUC = 0.888, SD = 0.010) than ENFA (AUC = 0.623, SD = 0.008) and BIOCLIM (AUC = 0.700, SD = 0.010), and was the only model to meet the criterion of an AUC >0.8. Thus, the probability distribution generated by MaxEnt was used as one of the six variables to model the distribution of Franciscanas.
Results
When applied to Franciscana training data, the MaxEnt model had a better fit to data according to the ROC curve and (Fig. 2) . The potential distribution of the fish species C. guatucupa represented the most important variable (percent contribution: 44.3%), followed by two physical variables; temperature (24%) and salinity (21.3%). The edges of the expected distribution map produced by MaxEnt showed three salient features (Fig. 3) . The southern edge of the distribution followed the shape of the isotherms, which is distorted by the effect of the Malvinas Current that transports cold water to lower latitudes close to the coast. Analogously, the northern edge followed the form of the saline fronts. The eastern edge showed an expansion into ocean waters at the level of the mouth of the De la Plata River, which is associated with a similar expansion in the distribution probabilities of the Franciscanas' main prey.
The quantitative limits of physical factors can be established by comparing the map of distribution probabilities of Franciscanas, and those obtained for the four main predictors (Fig. 3) : southwards, 18.9 and 20.4°C isotherms; northwards, a salinity of 36 psu; and eastwards, a minimal probability of occurrence of C. guatucupa of 0.297.
There was a close agreement between the shape of the overall biogeographic distribution obtained with MaxEnt and with that produced by the experts of the IUCN (Fig. 4) . The SDM was even able to capture discontinuities in the distribution proposed by the experts for the Northern portion of the Franciscanas' distribution.
Discussion
Predictors and their mechanisms
Low temperatures appeared to be a relevant factor that precludes the expansion of the distribution range of Franciscanas to the southern waters of the Patagonian coast. To obtain a preliminary estimate of the lower critical temperature for Franciscanas, we applied the cylindrical model of heat loss, modified by Watts et al. (1993) . The critical temperatures obtained using this simple model were 18.9 and 20.4°C, depending on minimal and maximal lengths/weights, which approximately agree with the value of the isotherm that was observed, which accompanied the southern border of the Franciscanas' range. This result, although very preliminary, suggests that thermoregulation limitations might be a mechanism involved in delineating the southern range of this dolphin.
Salinity appeared to be a significant variable for delineating the shape of the northern and northeastern borders that follow the salinity fronts. Due to its small body size, the absolute size of the Pontoporia's kidney is among the smallest of all marine mammal species, including pinnipeds (Kamiya and Yamasaki, 1974; Beuchat, 1996) . The Franciscana dolphin appears to be physiologically adapted to live in the sea and tolerate certain salinity levels. However, some functional limitations due The most important variables were prey distribution, temperature and salinity, in that order. For each variable the black bar corresponds to models generated with only this variable. The grey bars correspond to the generated models without one of the variables.
to kidney size or on the structure of nephrons could explain why salt concentration is a relevant factor that determines habitat suitability. Unfortunately, we did not find literature that compared the structure of nephrons of Franciscanas to other dolphin species.
As expected, the distribution of Franciscanas was positively related to the distribution of its main prey, C. guatucupa. The availability of prey species over areas of different relief has been described as a major factor influencing the distribution patterns in dolphins (Hui, 1974) , and several species show this trend (Reilly, 1990; Gowans and Whitehead, 1995; Heithaus and Dill, 2002; Benoit-Bird and Au, 2003; Moreno, 2005; Doksaeter et al., 2008; Viddi et al., 2010) . Because the distribution of C. guatucupa was itself predicted by a model, this creates a potential problem of dependence among variables. This problem is improbable in this specific case, because the distribution of this prey was dependent on several variables, and the predictor introduced into the final model (i.e. MaxEnt results obtained with C. guatucupa) was the product of the complex mathematical relationships among variables.
Our study did not find support for previous statements that turbidity could be an important ocean determinant of Pontoporia distribution. One possible explanation is provided by Danilewicz et al. (2009) , who reviewed the literature on the relationship between water turbidity and shark predation risk in dolphins, and concluded that the link is not a completely understood and might instead, be complex and highly variable geographically. Moreover, they suggested that depending on the shark predation behaviour, coastal turbid waters might represent a more dangerous habitat than translucent pelagic waters.
We did not find a significant relationship between Franciscanas and fishery distribution. We might have failed to detect a relationship because our analyses were based on an inappropriate measure of fishing effort. Another possibility is that incidental entanglement operates at a local scale and is therefore not expected to shape the distribution at larger ecological scales. This possibility will be further discussed in the last section of this Discussion.
Multiple predictors or selected factors
We incorporated only a restricted number of environmental factors into the SDMs, which were selected based on previous information that suggested the types of effects that these potential determinants might have on habitat suitability and the biogeographical distribution of Franciscanas. Furthermore, we postulated hypotheses on the possible physiological or behavioural mechanisms involved. Most SDMs are based on correlation statistics, from which causation cannot strictly be inferred, but summing correlative results based on ecologically meaningful predictors can provide support to an hypothesis (Cassini, 2011a) . Many SDM studies include a large amount of candidate predictors, motivated by the availability of data sets, the friendly presentation of statistical packages, and a belief that the model will identify those variables that are important predictors (Elith and Leathwick, 2009) .
In contrast to this approach, some modellers have argued that the success of SDMs in explaining the distribution of habitat suitability depends on the correct selection of the environmental variables introduced into the models (e.g., McNally, 2000) . Carefully selecting predictors can reduce these negative effects, with the additional advantage of generating hypotheses concerning the factors that determine the distribution, leading to more explanatory and less descriptive models. In this study, we followed the second approach, expecting to improve model predictability.
Relevance to conservation
We obtained a good fit between the map obtained with the MaxEnt model and the map produced by the IUCN experts. There are some discrepancies in La Plata Estuary and also in the frontiers of the distribution. This result supports the contention that SDMs can facilitate the work within IUCN Specialist Groups and other similar types of organisations (Cassini, 2013) . It is important to mention that whereas IUCN experts used the 30-m isobath to establish the eastern border of their distribution, we did not used bathymetry as a predictor. This difference is important because it means that although the border of the distribution in the first map was built inductively, in the second map, it was deduced from key predictors.
Translating the results for the main environmental predictors into a ranking of future threats, our results suggest that fishery might have a potential influence on habitat suitability if it impacts on stocks of preferred prey, such as C. guatucupa. Climate change is another relevant impact because it can influence both temperature and salinity. If global warming implies an increment in sea temperature and a decrement in sea salinity, the expectation is of an increment in the biogeographical range of this dolphin species. These are very preliminary hypotheses based on a simple associative analysis. Fig. 4 . Comparison between the map produced by the experts of the International Union for Conservation of Nature (Reeves et al., 2012) and the map produced by a species distribution model ('excellent' and 'very good' suitabilities in Fig. 3) for Franciscanas (Pontoporia blainvillei). There is a closed agreement between maps.
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We did not find an effect of fishery on habitat suitability, although it is well established that by-catch is the main threat for this species. This lack of sensitivity in our analysis is a major limitation of this study. At present, there is much information available on Franciscanas, with detailed information on local populations in Brazil and Argentina. Due to the scale of our analysis, it is impractical to take into account all the details provided by these studies. To disentangle the effects of different environmental factors at a biogeographical scale, it is unavoidably necessary to sacrifice precision at a local scale. In the specific case of fishery, we used a global database that clearly is unable to capture the complexity of the different gear traditions used in different regions, or seasonal variations in fishing pressure, and many other relevant factors that might influence dolphin mortality at a local scale.
